Abstract -Sickness absenteeism figures show a relatively large amount of variation across firms and organizations, indicating substantial within-firm correlations between absenteeism records of individual workers. To study the role of firm-specific circumstances and workforce composition, we specify three-state, multicycle duration models of work, sickness, and job separation, with workplace-specific fixed effects to account for unobserved differences between firms. In the most flexible specification, these fixed effects are separate, nonparametric, baseline hazards for each firm and each type of transition. Alternative estimation methods are discussed and applied to individual absenteeism histories of primary-school teachers.
I. Introduction
F IGURES of sickness absence are often found to exhibit an uneven distribution over firms and institutions. Sickness incidence and recovery may be considered as chance events whose properties depend upon the characteristics of individual workers and the conditions under which they work. At the firm level, sickness statistics are a compound of chance, workforce composition, and work conditions. In order to study these elements, we specify and estimate fixed-effect, multistate, multiple-cycle, duration models using individual absenteeism records of primary school teachers in the Netherlands. Average sickness absence of employees in this sector exceeds the averages of most other sectors, and absenteeism across schools ranges from schools with a few spells lasting single days (''healthy'' schools) to schools with a high number of spells lasting several weeks if not months (''sick'' schools). Moreover, the larger part of working days lost due to sickness absenteeism is concentrated at a relatively small number of schools. This clustering of absenteeism records may be determined by specific individual circumstances and/or circumstances that are specific to the work environment. Circumstances specific to the work environment are job requirements, specifics of the sick-pay scheme, age and quality of the school buildings, composition of the teaching staff, number of pupils and their background (ethnic origin, native language, and social background), social norms or moral attitudes towards absence behavior, quality of the school management, policies aimed at prevention or reduction of sickness absence, and working climate. Specific individual circumstances may account for a clustering of absenteeism records if sicknessprone teachers are not evenly distributed over schools, but tend to be assigned to a specific subset of schools. We denote this as the sorting hypothesis. It may be clear that, for policy purposes, it is important to distinguish between the different causes of absenteeism and their importance in explaining observed patterns.
We focus on sickness incidence and sickness duration of individual teachers within a school to assess whether the above-mentioned sorting hypothesis, pure chance, or workplace conditions (observed or unobserved) can explain the large dispersion and clustering in the absenteeism figures. A natural way to do this is to study sickness incidence and recovery in the context of a multistate duration model. Special attention is paid to the role of workplace effects, because these may be of primary importance for the observed clustering. In general, it will be very difficult to fully capture the influence of work environment with observed workplace characteristics, and it is well known that parameter estimates of duration models are biased if heterogeneity is not adequately accounted for. (See, for example, Lancaster (1990) . ) We therefore specify models that allow for unobserved workplace effects in a relatively flexible way. As in the literature on related failure times (Clayton, 1978; Ridder & Tunali, 1989; Gönül & Srinivasan, 1993) , sickness and work spells of teachers within the same school are allowed to be related by a latent common factor. The most flexible specification we will use allows for nonparametric baseline hazards that may be different for each school and each type of transition. A stratified partial-likelihood approach is used to estimate the regression coefficients of this model. We show that stratified and unstratified partial likelihoods can be derived by concentrating the likelihood with respect to school-specific effects. This concentrated-likelihood approach allows us to recover estimates of unobserved workplace effects and nonparametric baseline hazards given estimates of the regression coefficients obtained from the stratified partial likelihood. The unobserved workplace effects are used to detect the causes for the observed variation and clustering in the absenteeism records.
In the analyses, we find strong effects of both observed personal characteristics and workplace characteristics. From a comparison of a range of alternative models, we conclude that it is important to allow for unobserved workplace heterogeneity. Both for sickness incidence and recovery, the preferred specification is the model with school-specific duration dependence. To a large extent, latent schoolspecific effects account for the observed variation of sickness absenteeism across schools. We also find that the observed clustering in ''healthy'' and ''sick'' schools must be attributed to (unobserved) school heterogeneity, rather than to the composition of the teaching staff. In an additional analysis, we relate the estimated school-specific fixed effects to a range of observed school characteristics. The results indicate that only a small proportion of school heterogeneity can be explained by observed school characteristics, such as average class sizes and religious denomination. In view of the prominent role of school-specific effects, a better understanding of these workplace conditions will prove to be essential in reducing sickness absenteeism.
This article is organized in four sections. Statistical models for clustered duration data are presented in section II. Section III describes the sample of primary-school teachers that is used in the application. This section also addresses some relevant institutional features of the educational system in the Netherlands. Section IV contains three subsections. Subsection IV.A presents the empirical implementation, and estimation results are discussed in subsection IV.B. (This subsection also contains a comparison of the performance of a range of alternative model specifications.) In subsection IV.C we pay special attention to the effect of (unobserved) school-specific effects and the role they play in explaining observed absenteeism patterns. Section V concludes.
II. Statistical Models for Clustered Duration Data
We focus on two dimensions of sickness absenteeism: sickness incidence and sickness duration. A natural way to model this is in the context of a multistate duration model. An individual worker (indexed by i) at a workplace/cluster (indexed by m) can either be at work (W) or sick (S). Individual workers are allowed to leave the job (E). Let's for now assume that we observe complete histories of work and sickness absence of individual workers; that is, we observe individuals from the moment that they enter the job up to the moment that they leave the job. (We discuss sampling issues in section IV.A.) Consequently, a sickness spell may either end when a new work spell starts or when the teacher quits the job. Accordingly, we define S,W as the exit rate for a transition from sickness to work and S,E as the transition rate from sickness to leaving the job. Similarly, a work spell may end in a new sickness spell or in an exit out of the job;
W,S and W,E are the exit rates associated with these transitions. We take the transition rates to be of the mixed proportional hazard (MPH) type, and (suppressing the index for individual variation, i) write them as
with K, L ʦ 5S, W, E6 and K L. We refer to Lancaster (1990) for a detailed discussion of MPH models. K,L is the hazard rate of a transition of state K to state L, and t is the current duration in state K. The term m K,L is unobserved and specific to a cluster m (m ϭ 1, . . . , M), and may differ for each of the hazard rates that we consider. In principle, the baseline hazard 0 is an arbitrary function of unobserved cluster-specific heterogeneity and duration dependence. The regression function 1 is a function of a vector of observed individual and cluster-specific characteristics x. For ease of exposition, we take x to be time-invariant, although this assumption can be relaxed without altering the results presented later.
If we assume that all individual differences are described by x and m
, K L and m ϭ 1, . . . , M), then, conditional on these factors, the individual exit times in each of the states can be treated as independent, and the total-likelihood function factorizes into separate parts, with each part associated with one of the transitions that we consider. For instance, if we have N S sickness spells, indexed by j, and we denote the relevant individual by i( j) and the cluster that he or she belongs to as m(i( j)), the sublikelihood for the transition from sickness to work is
The variable ␦ j S,W is an indicator that equals 1 if sickness spell j is completed and followed by a transition to state W; 0 otherwise. For a right-censored sickness spell, both ␦ j S,W and ␦ j S,E are 0. The contributions to the sublikelihoods L S,W and L S,E are then just their respective survival probabilities. Assumptions regarding the baseline hazard 0 K,L (t, m K,L ) to a large extent determine the estimation strategy. The remainder of this section discusses the alternative specifications we will consider.
A. A Model with Fixed Unobserved Workplace Effects
As in Gönül & Srinivasan (1993) , one may specify the baseline hazard for the transition K to L in equation (1) as the product of a common duration dependence function and a latent cluster-specific variable m
In a random-effect specification of the unobserved components, one assumes that these terms are random draws from a specified multidimensional distribution that have to be integrated out of the likelihood function. A disadvantage of this approach is that, due to the correlation between the 669 MULTISTATE MODELS FOR CLUSTERED DURATION DATA cluster-specific effects in each of the transition hazards, the marginal likelihood fails to factorize. This makes estimation cumbersome, especially if one wishes to estimate the baseline hazards nonparametrically (as we will discuss in subsections II.B and II.C). Moreover, a random-effect approach requires the terms m K,L to be independent of other included regressors. This assumption may easily be violated if the unobserved characteristics of a cluster are affected by the characteristics of its members.
An attractive alternative is to use a fixed-effects approach, treating m K,L as unknown parameters that have to be estimated along with the other parameters. The advantage of this approach is that m K,L does not need to be orthogonal to the other individual-specific or cluster-specific regressors, and that the likelihood remains very simple and still factorizes in different parts for each transition rate. Furthermore, any arbitrariness in the choice of the distribution of the unobserved effects is avoided.
Likelihood terms like equation (2) , and consistency of the maximumlikelihood estimates depends upon the implied role of asymptotics in the model. The consistency of parameter estimates of these nuisance parameters-but more importantly of the remaining parameters of interest-is clearly problematic if more information is obtained by increasing the number of clusters, leaving the information on each cluster based on a finite number of degrees of freedom. If, on the other hand, the information on each cluster grows with the increase of the sample size (that is, asymptotics in time or in the number of individuals), consistency may be obtained. 1 In our application to sickness absence data, the information in the sample will typically increase by adding more years of sickness records about the same (almost complete) collection of primary schools. In that case, the number of parameters (including nuisance terms) is fixed, and standard likelihood theory applies.
Joint estimation of the M cluster/workplace-specific effects in equation (2) along with the other parameters would lead to computational problems. We will therefore concentrate the likelihood with respect to the workplace-specific fixed effects. Substitution of equation (3) into equation (2) and setting the first derivative with respect to m S,W equal to zero, one obtains
Substitution of equation (4) into (2) gives the concentratedlikelihood function
Expressions for the other transition rates are analogous. Likelihood (5) is a simple likelihood function that has to be optimized with respect to ␤ S,W and the parameters of the baseline hazard ( 0 S,W (t)). Under the usual regularity conditions and for a given parametric specification of 0 , the resulting estimator gives consistent estimates. Next, given these estimates, equation (3) can be used to obtain estimates of the workplace-specific effects ( m S,W ). Note that m S,W is set equal to zero for clusters/workplaces where no exits take place. This means that these clusters do not contribute to the concentrated likelihood (5) and that hazard rates of these clusters is set to zero.
The multistate model without unobserved workplacespecific effects is nested in the fixed-effect specification and follows from the restriction that m S,W ϭ mЈ
S,W
, for all m, mЈ ϭ 1, . . . , M. Consequently, simple likelihood ratio tests can be employed to test for the relevance of unobserved cluster effects. We return to this issue by the end of this section.
Likelihood contributions like equation (5) are convenient as they are simple, and unobserved workplace effects are allowed for in a straightforward way. A disadvantage is that the baseline hazards, 0 K,L (t), are estimated jointly with ␤ K,L and therefore requires, a priori, possibly restrictive parametric assumptions. One way to increase the flexibility of the specification is to use partial-likelihood methods that acknowledge unobserved workplace effects.
B. Partial Likelihood, Nonparametric Baseline Hazards and Fixed Unobserved Workplace Effects
Contributions to the partial-likelihood function are based on the conditional probability that a spell j ends, given the risk set R j K,L , defined as the set of spells having the same or a longer duration than spell j. This conditional probability is a simple ratio of the hazard rate of j relative to the sum of all spells that, after the same duration, were still exposed to the risk. Due to the proportionality assumption of the hazard, factors common to all individuals cancel from the expression. So, with the baseline hazard specified as in equation (3), the partial likelihood associated with a transition from state K to state L becomes
The expression for the likelihood implies that, for the estimation of the regression function and the workplacespecific fixed effects, the baseline hazards can be left unspecified. This formula is essentially the partial-likelihood approach of Cox (1972) extended with unobserved workplace effects. It is, however, also the likelihood of the sample information conditional on the sample distributions of durations of completed spells and censored spells. Alternatively, we can think of equation (6) as the limitedinformation likelihood based only on the order in which spells are ended (censored or completed). As in the previous section, it can be noted that, if in the application we have in mind the number of incidental parameters is naturally bounded, standard maximum-likelihood properties apply.
The partial likelihood (6) may be flexible with respect to 0 , but it may still be cumbersome to optimize, as still M fixed effects need to be optimized along with the other parameters. Again, we circumvent this problem by concentrating the logarithm of equation (6) with respect to the fixed effects to obtain
, the set of spells in cluster m that are in the risk set of spell j. According to equation (7), the workplace-specific fixed effect of school m is the sum of scores at that school divided by a weighted average of the scores of all schools. Unfortunately, equation (7) does not provide a closed-form solution for m K,L , so these cannot be concentrated out of the partial likelihood (6). Therefore, a procedure must be applied in which equation (7) is used in each iteration of the maximization procedure to solve the fixed effects. This procedure is computationally more demanding than direct optimization of the concentrated likelihood (5).
Given
, the nonparametric baseline hazards can be recovered using the (concentration) technique suggested by Breslow (1974) . In this approach, the nonparametric baseline hazard 0(t) K,L is a piecewise constant function. The general approach would then be to substitute this specification of 0 K,L in equation (3) and (2) to concentrate the likelihood with respect to the levels of this step function. This yields an expression of the step levels as functions of ␤ K,L and m
K,L
, m ϭ 1, . . . , M. Substituting the partial-likelihood estimates would then give us estimates of the baseline hazard. Nonparametric estimates may be obtained by defining 0(t) K,L , a piecewise constant function with discontinuities at each observed exit point.
Alternatively, we could use an equidistant grid that is sufficiently fine to guarantee that completions and censoring take place only at the grid points. The expression that concentrates the step levels from likelihood (2) would then become
where n K,L (t) is the number of complete spells with duration t, and R K,L (t) is the set of K spells that are still at risk at t (have a duration of t or longer). According to equation (8), 0 K,L may be interpreted as a Kaplan-Meier estimate of the hazard after proper weighting of the data. Substituting equation (8) into (2), we get an expression that is proportional to the partial likelihood (6).
The partial likelihood (6) (6) . Consequently, models with unobserved cluster effects are estimated on a different sample than are more-traditional models that do not allow for unobserved cluster effects. Therefore, as an alternative, Hausman tests may also be performed to test for the relevance of schoolspecific fixed effects.
The model presented above is appealing because duration dependence is allowed for in the most flexible way. However, it may still be restrictive, as the partial likelihood (6) depends on the assumption that the baseline hazard factorizes in two separate parts and that workplace-specific effects are constant over time. Moreover, the estimation procedure is computationally quite demanding.
C. Stratified Partial Likelihood, Nonparametric
Workplace-Specific Baseline Hazards
An alternative to the model in subsection II.B is a stratified partial-likelihood model such as in Ridder and Tunali (1989, 1990) . In this approach, the baseline function is treated as an arbitrary function of t and m
, a flexible duration dependence function for each workplace/cluster. The stratified partiallikelihood approach applies the partial-likelihood approach of section II.B to strata defined by the clusters. The risk sets are therefore replaced by workplace-specific risk sets. All cluster effects are irrelevant in a comparison of individuals belonging to the same cluster, and therefore they cancel from the expression for the likelihood. The stratified partial likelihood of a transition from state K to L is given by
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In practice, we may find the workplace-specific duration dependence functions are too flexible, and we might prefer measures for differences between clusters that are more straight-forward to interpret. So after estimating with equation (9), we might still like to impose assumption (3) and compute cluster effects from the system of nonlinear equations (7). A duration dependence function can then be computed from equation (8) or a similar expression. The advantage of that approach would be that the estimates of ␤ K,L do not rely on equation (3) to be true, and estimating is much faster because we do not need to solve equation (7) in each optimization step. In subsection IV.C, we use estimates of ␤ K,L of the stratified partial likelihood (9) to recover unobserved fixed effects and perform additional analyses on these. In that section, we also make a quick reference to the nonparametric baseline hazard.
In case equation (9) is viewed as a concentrated likelihood, consistency of estimates relies on asymptotics in time or the number of individuals, taking the number of schools as fixed. This is most appropriate for the application in this paper, where we apply the models to absenteeism data of Dutch primary-school teachers. In the past decades, the subsequent reductions in the budget of the Dutch education sector has lead to a substantive reduction in the number of schools (by means of mergers) and teachers. Consequently, additional information on absenteeism is expected to come from increasing information over time. If equation (9) is interpreted as a partial likelihood, consistency of the partiallikelihood estimates is even obtained if M = ϱ (Ridder & Tunali 1989) .
To test the models discussed above against one another, we can use likelihood-ratio tests and Hausman tests. When we compare two parametric models, a likelihood-ratio test can be used. This applies to the comparison of specifications without duration dependence with specifications with a parametric duration dependence and to the comparison of the maximum-likelihood estimates of models without fixed effects to a fixed-effects specification that is estimated by the concentrated-likelihood method. When comparing a model against a semiparametric alternative, a likelihood-ratio test cannot be used, and we will use Hausman tests. These tests follow from the general idea of comparing an estimator that is consistent under the maintained hypothesis to an estimator that is consistent and efficient under the null, but inconsistent when the restrictions are violated. This applies to the cases in which we test a parametric maximum-likelihood estimator against the stratified or unstratified partial-likelihood estimator, but also to testing unstratified against stratified partial likelihood. This can be seen by considering unstratified partial likelihood as a limited-information, maximumlikelihood estimator. The likelihood of observing spell terminations in the order in which transitions are made in the data, irrespective of the durations, is equal to the unstratified partial likelihood (6), with or without fixed effects. In that setting, unstratified partial likelihood is efficient, but becomes inconsistent if stratification is required.
III. The Dutch Education Sector and the Data

A. The Dutch Education Sector
On average, approximately 3.5 million people-roughly 25% of the Dutch population-participate in the Dutch education system. The sector employs 250,000 workers in 25,000 schools and institutions. One-third of the system is managed by the (local) government, whereas the remaining two-thirds are run by nonprofit, denominational foundations. The system is largely publicly financed. Education expenditures amount to 8% of GNP and account for 20% of the government budget.
The education sector in the Netherlands lacks a dynamic sick-pay scheme, such as, for instance, in the United Kingdom (Barmby, Orme, & Treble (1991a , 1991b . The sickness benefit program provides a 100% replacement of earnings lost due to mental or physical inability to perform regular duties. We consider primary-school teachers, a group of workers facing a uniform (public sector) collective agreement. They are homogeneous with respect to educational achievement and face common wage schemes that are a simple function of functional level and experience. Promotion possibilities within a school are limited, and, once tenured, teachers are extremely difficult to discharge involuntarily. Much of these population characteristics reduce the costs of taking absence by means of sickness, and may explain the high incidence rates and long sickness spells. Figure 1 shows time series of the average length of sickness spells in the private sector, in the education sector as a whole, and on primary schools. Average duration in the private sector is fairly constant and varies between 13.6 and 
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15.5 days. The figure for the total education sector is comparable, although it increases slightly over time (going from 12.4 days in 1980 to 17.5 in 1990). For primary-school teachers, the picture is markedly different. Where average sickness duration was comparable to that of the other sectors in 1979, it has steadily increased to 24 days in 1990.
In their report on prevention of sickness absenteeism and disability in the public-education sector, the Ministry of Education (1992) notes that sickness absenteeism in this sector is not only much higher than in other sectors, but also highly concentrated among a relatively small group of workers. In 1989, only 13.5% of the employees in the education sector accounted for a total of 80% of all days lost due to sickness absenteeism. Furthermore, it was noted that mental inability to perform regular duties was one of the major causes for entrance into Disability Insurance. It is suggested that teachers are more frequently and more persistently exposed to stressful situations than are their counterparts in the private sector. This is partly ascribed to difficulties with teaching itself (such as increasing class sizes and changes in pupils' attitude towards school), but more to problems encountered in the work environment. Relational problems with colleagues, the work ethics within the school, the school management, and limited opportunities for promotion are considered to be the major determinants.
During the mid-1980s, the Dutch government initiated an experiment to provide health services at schools instead of the existing regional provision. These school health services were to provide medical as well as psychological and social assistance to the school's employees. The staff of the school health services included a specialist in the field of internal organization and human resource management to support the school management. By providing these services at a local, decentralized level, it was thought that some of the causes of absenteeism mentioned above could be dealt with more effectively. Some schools in our sample were included in this experiment. Therefore, it is of interest to see what impact the presence of a school health service has on sickness incidence and duration.
B. Data
The data consist of sickness absenteeism records of education-sector workers registered by the Leiden Institute for Social Science Research on behalf of the Ministry of Education. The total sample consists of approximately 30,000 unique employees and 1,100 schools (primary, secondary, and higher education) that have been surveyed for on average of three years over the period 1987 to 1991. From this sample, we select schools at the primary level resulting in a set of 426 schools consisting of 4,969 teachers accounting for 21,137 spells of sickness and work.
All employees within a school are observed from the moment their employer enters the sample, or from the moment they start working at a school that is already participating in the survey. Analogously, individual observations stop either when the school leaves the sample or when staff leaves the school. In the latter case, the exact destination is often unknown. For that reason, we abstract in our model from differences between alternative exit routes out of the job. It is implicitly assumed that all these categories can be lumped together into a single job-exit category. Because we are primarily concerned with sickness absenteeism behavior, we therefore concentrate the analyses on two dimensions of sickness absenteeism: sickness incidence (associated with the transition from work to sickness) and sickness duration (associated with the transition from sickness to work). The tables below give a first impression of both dimensions of sickness absenteeism in our data.
From tables 1a and 1b, we can see that 21,137 spells are observed in total, of which 12,836 are work spells and 8,301 are sickness spells. The majority of the sickness spells is of a short-term nature: 82.9% of the observed sickness spells does not exceed fourteen days. On the other hand, a substantial number of sickness spells may last for several months, or may even exceed a year. As a result, mean sickness spell length approaches four weeks (27.26 days). The average spell length in table 1b is computed using censored and uncensored durations.
Aggregate measures of sickness absenteeism in our data reveal that the distribution of average spell length per individual and school are heavily skewed to the right. At the individual level, 75% of the teachers with at least one spell experience average spell lengths of two weeks or less. Although the majority of the individuals experience relatively short spells, their share in the total number of days lost to absenteeism is limited. These individuals account for only 15% of the total number of days lost due to absenteeism. (That is, those with average spell lengths exceeding two weeks (only 16% of the total sample) account for 85% of the total number of days lost due to absenteeism.) The fraction of schools with average spell length not exceeding two weeks is 44%. These schools (197) account for only 15% of 1992) . Although evidence of this type is often used to suggest differences between schools, it is difficult (if at all possible) to find direct support for the clustering hypothesis in the numbers presented above. The distribution of average durations per school may reflect the uneven distribution of sickness spells over teachers. Moreover, the schools differ with respect to the number of teachers employed. The shape of the distribution of average sickness spells over schools may therefore be a perfectly ordinary statistical phenomenon: some schools having the bad luck to have hired sickness-prone teachers, and other schools being more lucky. To test whether clustering is present or that the observed distribution is a result of a fair lottery, we performed a nonparametric (Kolmogorov-Smirnov) test. The test supports the clustering hypothesis and is documented in a companion paper (Lindeboom & Kerkhofs, 1995) .
The question whether clustering is caused by circumstances that are specific to the workplace or by a (self-) selection of teachers can be addressed only by models that allow for observed and unobserved differences between teachers and schools/workplace in a flexible way. As far as observed characteristics are concerned, our data set contains a variety of personal characteristics and school (environmental) characteristics. Table A1 presents means of the main variables used in the empirical analysis. We postpone a discussion of these variables to subsection IV.A.
IV. Empirical Implementation and Results
A. Empirical Implementation
Before we turn to the results, we first discuss the empirical implementation of the models presented in section II. This concerns a discussion of sampling issues, the specification, identifiability of the unobserved group effects, and the treatment of time-varying covariates.
Sampling issues: Our sample contains information on 4,969 teachers from 426 schools. The schools were selected at a specific point in time, and the teachers are followed until they either leave the school or the school leaves the sample. If the school leaves the sample, active spells of teachers are right-censored. (This censoring is completely independent of the individual hazard rates of the teachers within the school.) Given this sample design, a likelihood function can be constructed that consists of the product of stock-sampled first spells and subsequent flow-sampled spells. Explicit expressions for the likelihood contribution of stock-sampled spells are given in Flinn and Heckman (1982) , Ridder (1984) , and Lancaster (1990) . In general, this requires joint modeling of the probability of entrance in the first observed state. This implies that, in general, the proportional hazard is lost for the stock-sampled durations. Flinn and Heckman (1982) propose to specify a separate duration distribution for the initial spells. (See, for example, Gritz (1993) and Ham and Lalonde (1996) for applications.) One may also specify the likelihood conditional on the elapsed duration at the time the individual enters the sample. All these options require information on the elapsed duration at the sampling date, unless absence of duration dependence is assumed. As we do not observe elapsed duration in work spells at the data an individual enters the sample, and observe stock-sampled sickness spells with error, 2 we proceed in a different way by conditioning on the entire first spell. Under the assumptions that all individual variation can be described by x and m K,L (see section II), the likelihood consists only of the product of the remaining flow-sampled spells. So, we basically construct a sample from the initial sample design by following individuals over time, and restrict the attention to newly started spells after the initial selection date. This results in likelihood expressions as discussed in section II. 3 Specification: The unit of time in our empirical models is taken to be one day. Measuring durations in days implies that there will be ties in completed durations. As in section II, we will model the underlying process as a duration process in continuous time. Kalbfleisch and Prentice (1980) argue that the exact likelihood incorporates all permutations of completed durations of equal length, maximization of which is computationally awkward. The approach taken here is to randomize the ties into an arbitrary sequence of exits. Tied spells have the same duration, but are modeled as consecutive departures from the risk set according to the simulated order of exit.
The part of the transition rates associated with the observed regressors are specified as exponential functions. For instance, we specify exp (xЈ␤ W,S ) for the transition from work to sickness, and exp (xЈ␤ S,W ) for the transition of a sick worker returning to work. The set of regressors x include individual characteristics and school characteristics. Most of the included variables are time-varying in the sense that they are allowed to change in the beginning of each school year. However, regressors are taken as fixed during the course of a spell.
2 Schools are sampled at the beginning of the school year. The exact length of sickness spells that start during the summer holidays preceding the school year is not known. Moreover, stock sampled sickness spells that started prior to the summer vacation are also likely to be recorded with error.
3 Note that the fixed-effect approach simplifies the likelihood considerably. In a random-effect approach, additional assumptions are required to obtain tractable expressions for the likelihood. The terms m K,L need to be independent of the included regressors x, and we need the assumption that the unobserved components of the alternative states are independent of each other. This last assumption is effectively the semi-Markov assumption.
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Included individual characteristics are age (measured in years), gender 4 (dummy for females), marital status (dummy for those living together with partner or married), permanent contract, job tenure (linear spline function with bending point at five years: tenure1 is job tenure up to five years, tenure2 is job tenure exceeding five years), a dummy variable for part-time workers, class size (small groups ϭ dummy for those teaching twenty pupils or fewer; large groups ϭ dummy for those teaching 31 pupils or more), kindergarten (lower groups ϭ dummy for teachers at kindergarten (children in the age group of four to six years)) and a dummy for the head master of a school.
The set of school variables is included to capture workplace effects, the school's ability to replace absent workers, and the presence of a health service at the school. We include two dummy variables to indicate whether schools find it easy or difficult to replace a teacher for an anticipated short period of time. Two more dummy variables are used for the school's ability to find short-term replacement in case of unanticipated absence, such as sickness absence. Difficulties in replacing absent teachers may put more pressure on the remaining teaching staff, possibly leading to additional absenteeism. On the other hand, sick teachers may feel coerced to return to work sooner. It may be clear that these variables can be used as key instruments in policies to reduce sickness absenteeism.
In the mid-1980s, the government attempted to reduce its budget by means of mergers between schools within the same region, and our sample includes some of these schools. Clearly, mergers are associated with changes in workplace situations such as a change of school board/management, number of teachers, and number of pupils per group. The dummy variable indicating whether a merger has taken place is included to capture these effects. Other variables indicate the school's denomination (dummy variables for Catholic and for Protestant schools), the number of teachers, and whether the number of pupils is increasing or decreasing. In the secondary analysis of the estimated school-specific effects, we also include school averages of teacher-level variables, such as the fraction of female teachers, teacher average age, and the proportion of teachers in the lower groups (kindergarten).
The dummy variable for Catholic schools deserves further attention. For a few schools in our sample, in the course of the years that we follow them, the denomination changes from Catholic to the reference category (public or special). Presumably, this change in denomination is caused by a change of the school board, school management, or a merger in the sample period. Unfortunately, our data set does not provide this information. It should therefore be noted that the Catholic dummy may capture more than a pure effect of denomination.
Identification:
The school characteristics have to be identified by variation across schools. In the presence of schoolspecific fixed effects, we can identify only these school characteristics that exhibit sufficient independent variation over time. Specifically, in the estimation of the fixed-effect models, time-invariant school characteristics cannot be identified, such as the dummy variables for Protestant schools and schools that had merged. Effectively, their impact is absorbed by the unobserved school-specific fixed effects. For the other school variables, the estimated parameters reflect the effect of a change of that variable, which may not be the same as the comparative-statics effect that would be in the school-specific effects. We will relate the estimates of the fixed effects to the time-invariant school variables in section IV.C.
Models estimated:
We estimated all models discussed in section II. To assess the importance of unobserved school heterogeneity, we also estimated partial-likelihood and maximum-likelihood models that do not allow for unobserved workplace effects. Recall that schools with no relevant transition do not contribute to the likelihood for models that account for unobserved workplace effects. Therefore, effectively, these models are estimated on a smaller sample than the conventional models that do not allow for unobserved cluster effects. Consistency of the parameters ␤ of the fixed-effect models is guaranteed under the model assumptions. Estimates may be affected in small samples, but this effect is likely to be small: for the transition from sickness to work, only two spells (out of 8,094) were omitted for the estimation of the fixed-effect models. For the transition from work to sickness, 68 spells (out of 8,251) were omitted. Tables 2a and 2b report estimates of models that account for school-specific fixed effects, using concentrated and stratified partial-likelihood methods. Columns 1 and 2 of each table report results of a model with time-invariant fixed effect that are concentrated out of the likelihood (specification (5) of section II). Regression parameters ␤ are estimated along with the parameters of the baseline hazards. The first column reports on results for a model without duration dependence, denoted as specification I. The results for models with a limited set of duration dummies are reported in the second column, and we denote these as specification II. The third column presents the results from the most flexible specification in which baseline hazard and fixed effects are left unspecified. The regression coefficients are estimated using the stratified partial likelihood (9) of section II. We denote these as specification III in the tables. We also estimated the partial-likelihood model of section II.B that allowed for time-invariant unobserved workplace effects. The estimates of these models were virtually identical to those of specification II. Specification II is more appealing as it is relatively straightforward to estimate. Therefore, we do not report the estimation results of the model of section II.B in the paper.
Conditional on estimates of specification III, we use equation (7) and (8) to recover the nonparametric duration dependence function and the fixed effects. More details on this procedure are provided in subsection IV.C, where we also discuss the results from additional analysis on the fixed effects. The nonparametric duration dependence functions are depicted in figures A1 and A2. From these figures, it can be seen that both the sickness incidence and sickness duration display strong negative duration dependence. This picture is most pronounced for the transition from sickness to work, where the hazard rate falls sharply after the first few days.
A comparison of results for all these models may give an indication as to what extent correcting for school-specific fixed effects in a flexible way is important for the parameters of interest (␤). In a companion paper (Lindeboom & Kerkhofs, 1995) , we also present estimates of traditional models that do not allow for unobserved workplace effects. We briefly report on the results of these models when we discuss the results of specifications I, II, and III. The traditional models, the model of section II.B, and specifications I, II, and III are more formally compared at the end of subsection IV.B. The tests indicate that there is strong evidence in favor of stratification. Therefore, we mainly concentrate on the results of the most flexible (stratified partial-likelihood) model.
B. Results
The transition from work to sickness (W = S): We start with the results from the most flexible model, specification III. Both individual characteristics and school characteristics are of importance for sickness incidence, although individual characteristics appear to dominate in size. With respect to individual characteristics, we find strong positive significant effects of the variables female and permanent contract. As documented in section II, tenured teachers are extremely difficult to discharge involuntary, and, in case of sickness, a 100% replacement of earnings is provided. As a consequence, absenteeism is virtually costless for tenured teachers, which might induce them to report sick more often than colleagues with no permanent contract. Significant negative effects are found for part-time workers and those teaching to small groups/classes.
The age effect, modeled by a quadratic function, reaches its peak at age 41. This implies, for instance, equal age effects for a 21-year-old teacher and an elderly teacher of 61. This might reflect what is sometimes referred to as the survivor effect. As in most other OECD countries, participation rates of Dutch elderly workers have declined dramatically in the past decades. This is particularly true for public-sector education workers. The share of older workers (55 and over) in this sector amounts to only 5%. The majority of older teachers either retire or change profession considerably before the mandatory retirement age. It may be that the few teachers who choose to continue teaching and retire later are more committed to their profession.
Only two school variables have significant coefficients. Sickness incidence is, on average, higher for teachers at schools that have difficulties in replacing teachers for an anticipated short period of time. The opposite effect is found for schools that have difficulties in replacing absent workers whose absence is not anticipated (such as for sickness leave). It is conceivable that teachers are more reluctant to report sick if this leads to an unexpected increase in workload for their colleagues. If so, one would expect to find fewer sickness spells with on average longer durations if unanticipated replacement becomes more difficult. The estimates for the S = W transition (table 2b) are in line with this expectation. The estimated coefficient is positive but not significant at the 5% level. If anticipated replacement becomes more difficult to organize, teachers will on average experience more variation in work load. As a result, sickness incidence would be expected to be higher. Additionally, it will be more difficult to request leave on formal grounds, leading to improper use of sick leave. With respect to the remaining school variables, it should be noted that little effect of the presence of a school health service is found; the coefficient is negative but not statistically significant.
A comparison of the estimates of specifications I, II, and III shows that allowing for more flexibility (both duration dependence and unobserved school heterogeneity) has only a modest effect on the parameter estimates. Note that the effect of the presence of a school health service was estimated to have a significant effect in the specification without duration dependence.
To evaluate the importance of school-specific effects for the regression parameters (␤), we also compared the results of table 2a with estimates of models that do not allow for unobserved workplace effects. These estimates are not reported here, but the comparison shows that mainly the parameter estimates of the school variables are affected by the exclusion of school-specific fixed effects.
The transition from sickness to work (S = W): From the three sets of estimates in table 2b, we can see that, in general, the coefficients of both individual and school characteristics are relatively small as compared to the coefficients associated with sickness incidence reported in table 2a. Gender, marital status, having a permanent contract, and pupil class/group size are teacher-specific characteristics that have a significant effect on sickness duration. Most signs of these parameter estimates are as expected. For instance, women experience longer sickness absenteeism spells. Part-time teachers return to work faster, while teachers with a permanent contract will typically have longer sickness spells. The effect of age is negative over the relevant range, indicating that elderly teachers have on average longer sickness absenteeism spells.
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The nonlinear effect of class/group size is a little more puzzling. Both for teachers with large and teachers with small groups the speed of recovery is lower, but so is their sickness incidence rate, albeit not statistically significant for large groups. For teachers with small numbers of pupils, the less-stressful working conditions may reduce the need for short sickness absence, leading to a duration distribution of sickness spells with relatively more longer durations. The fact that usually the more-competent and -experienced teachers are assigned to large groups may explain why the reverse effect is not found for teachers with a large number of pupils.
Schools with their own health service have on average shorter sickness spells. As discussed in section III, these health services were introduced by the government to reduce sickness absenteeism by acting upon probable causes specific to a school. Direct comparison of sick rates at schools with and without a school health service showed higher rates for the latter. The most likely explanation is that the experiments with decentralized health services focussed on schools with high absence figures. Using fixed effects eliminates most of this simultaneity and reveals the pure causal effect of school health services on absenteeism. The effect on sickness incidence was not statistically significant, but the speed of recovery is approximately 9% higher on schools that have their own health service. In contrast to the findings for the W = S transition, modeling duration dependence makes this parameter estimate more significant.
With the exception of the school health service variable, the school variables have little effect on the transition rate from sickness to work. Hence, conditional on the unobserved school-specific fixed effect, variation of sickness absenteeism duration mainly comes from variation in individual characteristics. Of course, the relative importance of the school-specific effects in explaining total variation remains to be assessed. We return to this in section IV.C.
It is important to allow for duration dependence in modeling sickness absenteeism durations. The hazard rate in specification II increases slightly during the first week, but displays strong negative duration dependence after that. The odds that an individual will return to work after 42 days rather than after one day is exp (Ϫ3.16) ϭ 0.04. Failure to account for duration dependence can also be seen to have large effects on the parameter estimates in table 2b. The parameter estimates for both individual and school characteristics change considerably when going from specification I to specification II. Although the estimates of specifications II and III are much more similar, some parameter estimates change considerably. The effect of the dummy variable of the presence of a health service at the school was discussed above, and the effect of a permanent contract loses its statistical significance, whereas the dummy variables for headmaster, small groups, and health services gain in size and significance. Comparing specifications I, II, and III to models without unobserved fixed effects bears evidence that, in modeling sickness-absence durations, it is important to allow for duration dependence and school-specific fixed effects in a flexible way to avoid biases in the parameter estimates and conclusions that would be drawn from these.
Transitions out of the job:
In section III, we also argued that estimation of the school-specific effect ( m ) requires at least one relevant transition for school m. This issue becomes particularly relevant for the S = E transition. Estimation of this exit rate appeared to be impossible due to the limited number of transitions of this type (only 78 S = E transitions). (See table 1a of section III.) For this reason, we report only fixed-effect estimates for the W = E transition rate. These are reported in table A2 of the appendix. Below we present a brief discussion of the main results.
Individual characteristics are of more importance than are observed school characteristics in explaining job-exit behavior. Duration dependence seems to have little effect on the parameter estimates and is found to be consistent with predictions from existing job-turnover models (initially increasing exit rates fall as time proceeds). Comparing estimates of this model with those of duration models without cluster-specific fixed effects indicates that, notably, the parameter estimates of the school variables are sensitive to the inclusion of unobserved school heterogeneity.
Comparison of alternative models:
In section II, we discussed a range of alternative models that could be estimated to test for the relevance of unobserved school heterogeneity and the importance of duration dependence. Table 3 summarizes the findings.
All tests reject their null hypothesis, which strongly underlines the importance of duration dependence, even if unobserved school-specific differences are taken into account. The importance of accounting for these differences by introducing fixed effects into the specification is also firmly supported by these tests. However, it has to be added that the fixed-effect estimates with five-step duration dependence, fixed-effect unstratified partial-likelihood and stratified partial-likelihood lead to estimates that are very similar. In these cases, the Hausman test weighs the fact that the estimates are hardly affected by imposing the restrictions against the resulting efficiency gain. The latter is even smaller, and the test concludes that the restrictions should not be imposed. One could also argue that the effect of the restrictions on the parameters of interest is negligible, and that, therefore, the more-restrictive specification-the fixed-effect model with five-step duration dependence-should be preferred. 
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The fact that some estimates compared in the Hausman test were almost identical leads to the numerical problem that the difference between the covariance matrices is not positive definite. In that case, we have used a truncated version of the Hausman test (TH in table 3). The difference between the covariance matrices is written as a diagonal matrix of eigenvalues that is pre-and post-multiplied by a matrix of orthogonal eigenvectors. When computing the inverse of that difference matrix, we use the reciprocal of an eigenvalue only if it is positive, using 0 otherwise. The number of degrees of freedom of the test is set equal to the number of positive eigenvalues.
C. School-Specific Fixed Effects Reconsidered
The previous subsections were concerned with the effect of unobserved school heterogeneity on the regression coefficients. What remains to be addressed is the relative importance of unobserved school heterogeneity on sickness incidence and sickness duration. Moreover, it still remains unclear whether the unobserved school-specific effects can account for the large variation in sickness-absenteeism behavior across schools, and the apparent clustering of schools with short sickness-absenteeism records (''healthy'' schools) and those with long sickness-absenteeism records (''sick'' schools). As the prime goal of this section is concerned with sickness incidence and sickness duration, we omit results of job-exit behavior (W = E).
We use the results from the most-flexible model to address these remaining questions. As described in section III, this model accounts for school-specific, nonparametric baseline hazards. This collection of school-specific baseline hazards represents the joint effect of duration dependence and unobserved school heterogeneity. To unravel duration dependence and unobserved school heterogeneity, more structure needs to be imposed. We will use the commonly made assumption that unobserved school-specific effects are constant over time (cf. section II, equation (3)) to derive a summary measure for school heterogeneity. Note, however, that this structure is imposed after we have estimated the model. Violation of this assumption is therefore of no influence for estimates of ␤. Given estimates of ␤ from equation (9), time-invariant, unobserved, school-specific effects can be calculated from equation (7), a system of 426 nonlinear equations in 426 unknown school-specific effects. The unobserved school effects are identified up to a scale factor. Next, equation (8) is used to solve for the nonparametric baseline hazards. Figures A1 and A2 in the appendix present estimated baseline hazards for sickness incidence and sickness duration. These baseline hazards are computed assuming that K,L is common to all individuals (that is, not school specific) in the sample, and they are essentially Kaplan-Meier estimates, after a proper reweighing of the data using estimates of 1 and the fixed effects. For each hazard, the time axis was divided into 22 duration classes, and the grid points were chosen in such a way that each class contains sufficiently many observations. The estimated hazard for a duration class is then defined as the number of completed durations in that interval divided by the sum of 1 (x i( j) ; ␤ ) m(i( j)) of all durations j that are in the risk set at the beginning of interval. The resulting class hazard is then divided by the length of the duration class to get daily hazard rates. As a result, the daily hazard rate will be zero for the final categories that are not bounded from above. Both baseline hazards show negative duration dependence. This pattern is the clearest for the S = W transition.
The relative importance of school-specific effects: Table 4 summarizes some information that can be used to assess the relative importance of school-specific fixed effects and observed characteristics in explaining sickness absenteeism across schools. The table reports the school averages of the regression part exp (xЈ␤ ) and the fixed effect of the exit rates of W = S and S = W. As noted above, school-specific effects are identified up to a scale factor. The fixed effects and exp (xЈ␤ ) are normalized to have mean one.
As far as sickness incidence is concerned, table 4 reveals that the variance of is relatively large compared to the variance of exp (xЈ␤ ). Furthermore, judging from the thirdand fourth-order moments of the distributions, the distribution of fixed effects is more heavily skewed to the right and has fatter tails than does the distribution of exp (xЈ␤ ). This picture is even more pronounced for the S = W transition. The regression function exp (xЈ␤ ) hardly varies and is approximately symmetrical. On the other hand, the distribution of the fixed effects is characterized by a relatively large variance, a large skewness parameter, and fat tails. We may conclude from this that the dispersion in school-specific fixed effects dominate that of the observed (teacher) characteristics, and resembles the observed variation in sickness absenteeism across schools. Table 4 is informative in the sense that it can tell us something about the relative importance of school-specific effects as compared to the regression functions, and it also enables us to see whether dispersion of the fixed effect or that of the regression functions may account for the observed dispersion of sickness-absenteeism figures. However, the table cannot tell us whether observed average sickness incidence or duration within a specific school may be the result of a large or small school-specific effect or of the composition of exogenous characteristics within the school (the sorting hypothesis). From figures 2a to 2d, we may graphically inspect which of the two effects is dominant in our data.
In figures 2a and 2b, we confront school-specific effects and the school average of the regression functions exp (xЈ␤ ) of the W = S transition with observed sickness-incidence records in our sample. Similarly, figures 2c and 2d are scatter diagrams of the school-specific fixed effects and the schoolaveraged regression functions of the S = W transition against the observed mean sickness duration. A sorting effect is present if one would find a positive association between the effect of the exogenous variables exp (xЈ␤ W,S ) and sickness incidence in figure 2b, or a negative association between exp (xЈ␤ S,W ) and average sickness duration in figure  2d . If unobserved school effects are important, one should detect a positive relationship in figure 2a and a negative relation in figure 2c .
From figure 2a, it can be seen that high incidence records are associated with larger values of the school-specific There does not seem to be a specific pattern between sickness incidence scores per school and within school averages of the regression function exp (xЈ␤ W,S ). For each level of sickness incidence, there are schools with relatively high and schools with relatively low values of exp (xЈ␤ W,S ). The correlation between exp (xЈ␤ W,S ) and sickness incidence is Ϫ0.0919 and insignificant at the 5% level. Hence, any clustering in sickness-incidence records among specific schools cannot be ascribed to a clustering of individuals with ''bad'' characteristics to schools with high records, and those with ''good'' characteristics with schools with low incidence records. A sorting effect seems to be absent in our data.
Instead, it appears from figure 2a that any clustering in the incidence rates must be ascribed to the fact that schools with low incidence rates (''healthy'' schools) have, on average, lower unobserved school-specific effects. We find a strong significant correlation of 0.720. Figures 2c and 2d display a similar pattern. Although less prominent than in figure 2a , there appears to be a relationship between S,W and observed sickness duration, indicating that schools with short average durations experience on average larger values of S,W . The correlation between S,W and sickness duration is Ϫ0.297 and is significant at the 5% level. Again, the regression function exp (xЈ␤ S,W ) does not seem to be related to observed average duration in a school (the correlation is Ϫ0.090 and statistically insignificant). As a consequence, observed clustering in the distribution of sickness durations is more likely to be a result of a school-environment effect.
An analysis of school-specific effects:
The fixed effects that are found to be important in the previous section support the hypothesis that the clustering of schools is mainly caused by differences between schools. In the estimates in section IV.B, we had to omit all time-invariant exogenous variables referring to school characteristics, in order to identify the school-specific effects. The effects of these variables are contained in the school-specific effects. In this section, we relate the school-specific effects to the variables characterizing the school environment. This analysis serves two purposes: to explain as much as we can why schools are different, and to see what extent the differences cannot be related to directly observable characteristics of the type we have in our data. Table 5 contains the results of a simple regression of the logarithm of the estimated fixed effects for each school on exogenous variables characterizing its size, denomination, composition of the teaching staff, short-term replacement opportunities in case of expected and unexpected absenteeism, and the presence of a school health service. Seven schools had to be omitted due to missing observations on right-side variables. The fixed effects were estimated from the system of equations (7) using coefficients from the stratified partial-likelihood estimates. Using the logarithm of the fixed effects as dependent variables, we have to exclude schools for which the relevant transition did not occur during the sample period. For the W = S transition, 34 schools were excluded for that reason; for the S = W transition, none were excluded. Simultaneous estimates with a probit to account for the selection indicated that there is no selectivity, 5 and we therefore present the OLS estimates. For the transition from sickness to work, 29 outliers-schools with a small number of extremely short sickness spells-were omitted.
Obviously, most of the included regressors are not time-invariant, but they are included as proxies for the mean levels around which their values fluctuate. The estimated effect of a variable that is, strictly speaking, not constant may be interpreted as the additional long-run effect of a structural change in its value, whereas the corresponding coefficient in the fixed-effect models in section IV.B reflects the immediate effect of changes that may be permanent or transitory (keeping everything else, in particular the schoolspecific effect m , constant). Put differently, the coefficients in the fixed-effect models reflect the impact of a change in the corresponding variable without changing the ''type'' of the school. The coefficients in table 5 reflect the change of type of the school that goes with a change in the right-side variables. This encompasses the possibility that, for some variables, the effects of a permanent and a transitory change of value may not be identical, as well as the possibility of comovement with unobserved determinants of sickness absence.
From the estimates it follows that sickness incidence is higher in large schools and in schools that have their own health service and significantly lower in Catholic and Protestant schools. The effects of replacement opportunities may exhibit an endogeneity problem. Whereas it may be expected that sickness incidence is lower if replacement is hard to arrange, schools that have high incidence rates will typically find it more difficult to arrange replacement for sick teachers. With respect to sickness durations, the only variable that is significant at the 10% level is the number of tenured teachers. Schools with a high proportion of tenured teachers have longer sickness durations. For policy purposes, it is important to notice that the presence of a school health service does not significantly reduce the average sickness duration, but significantly signals a high incidence rate. Apparently, these health services are only partially successful in reducing sickness incidence. As with the replacement variables, this coefficient most likely reflects a reverse causality. The experiments with school health services may have focussed on schools with high absence rates. The fixed-effect estimates in section IV.B will not have this endogeneity problem and are therefore preferable as estimates of the effectiveness of decentralized health services. Most importantly, the estimates indicate that the schoolspecific effects are related only to a minor extent to the exogenous variables of the type available in our data. The coefficients of determination are low, as are the F-statistics.
Although it is clear that school-specific conditions affect sickness-absenteeism records, further research into the idiosyncracies of sick and healthy schools is called for.
V. Conclusions
In the Netherlands, sickness absenteeism of public-school teachers is known to be comparatively high and to vary considerably among schools; there also appears to be a clustering of absence data of teachers within schools. We focus on sickness incidence and sickness duration of individual teachers within a school to assess whether sorting effects or workplace characteristics cause the large variance and clustering in the data. We specify and estimate concentrated-and partial-likelihood models that allow for unobserved workplace effects. The most-flexible model is a stratified partial-likelihood model that allows for nonparametric, school-specific, baseline hazards. We show that this stratified likelihood can be derived using a concentratedlikelihood approach, which allows us to recover estimates of unobserved workplace effects and nonparametric baseline hazards given estimates of the regression coefficients obtained from the stratified partial likelihood. The unobserved workplace effects are used to detect the causes for the observed variation and clustering in the absenteeism records.
In the analyses, we find strong effects of both observed personal characteristics and school characteristics. From a comparison of a range of models, we conclude that it is important to allow for unobserved school heterogeneity in the most flexible way. Unobserved workplace-specific effects account to a large extent for the observed variation of sickness absenteeism across schools. We also find that the observed clustering in ''healthy'' schools and ''sick'' schools is a result of unobserved school heterogeneity instead of (self-)selection of teachers (the sorting hypothesis). In an additional analysis, we relate the school-specific fixed effects to a range of observed exogenous school variables. The estimates indicate that the school-specific effects are hardly related to the exogenous variables of the type available in the data. It remains, however, that workplace effects are important in explaining the observed patterns of sickness absence. A better understanding of these workplace conditions is therefore essential for developing successful policies aimed at reducing sickness absenteeism.
One can safely assume that part of these differences between workplaces has to do with the working climate and the quality of the school management-determinants for which objective measures are hard to come by. Additionally, the clustered sick rates may also reflect the dynamics of sickness absenteeism: existing absenteeism requires temporary replacement and reallocation of tasks. These disturbances put pressure upon the organization and are likely to raise the hazard of sickness incidence of the remaining workers. Once high, sickness absenteeism would therefore tend to stay high. This sickness hysteresis may be strengthened by the self-selection of healthy teachers to schools with low sick rates. 
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